This paper presents a new methodology for measuring travel time in real-time on freeways using the existing loop detector infrastructure. The methodology uses vehicle length, a simple signature from paired loop detectors, to extract information about the traffic stream. Other methods of measuring travel time either rely on approximations from aggregate traffic parameters or use expensive, proprietary systems to extract individual vehicle signatures.
INTRODUCTION
In recent years, congestion has become a significant problem and it is clear that simply adding more lanes will not solve the problem. Many studies have found trends showing increasing congestion and forecast even worse conditions in the near future [1] [2] . These data have led to research on how to use the existing infrastructure more efficiently. This paper presents a new approach to measuring travel time data and could enable or improve several applications such as incident detection or advanced traveler information systems (ATIS).
The potential benefits of incident detection have been known for years [3] [4] [5] and countless automated incident detection strategies have been proposed; yet, most jurisdictions continue to rely on labor intensive incident detection strategies (e.g., cellular phones) because of high false alarm rates with point detector based automated algorithms.
A recent report from Caltrans [6] Several systems have been proposed for measuring travel time directly using vehicle signatures [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . These emerging technologies use specialized hardware to extract the vehicle signatures. In most cases, the vehicle reidentification (VRI) and travel time measurement (TTM) systems have only been installed on a small test site. Full installation is necessary to quantify the benefits of the new systems, precluding cost-benefit analysis before purchasing the hardware. Furthermore, the systems have to be deployed before effective vehicle reidentification algorithms can be developed. Some of the systems use a permanent, unique vehicle identification (AVI) [7] [8] [9] [10] [11] [12] [13] that make VRI trivial, but they may compromise personal privacy.
Other systems have been proposed for estimating travel time from aggregate traffic parameters [18] [19] . Although these systems appear promising for free flow and lightly congested conditions, they currently do not perform well under heavy congestion.
A third approach is to use cumulative arrivals at successive detector sites to estimate vehicle arrivals [20] . To counter detector drift, these systems use aggregate measurements to recalibrate during free flow conditions. Unfortunately, congestion can last several hours, leading to significant measurement drift between recalibrations.
This paper outlines a new approach: extract vehicle length from existing paired loop detector hardware and use it as a simple signature. A given vehicle length is not unique and may be noisy, but a short sequence of measured lengths is reidentifiable at successive detectors and it is robust to measurement noise.
The approach is similar to Pfannerstill, Kühne, et al [15] [16] [17] the system performs as well under congestion as it does under free flow conditions. Unlike Pfannerstill and Kühne, our system uses off-the-shelf 170 controllers and controller software already developed by PATH and Caltrans for the I-880 FSP study [21] The reidentification rate based on speed trap length measurements is not as high as the emerging signature extraction technologies; but, because it can be implemented using the existing detection hardware, the benefits of travel time measurement can be quantified before a jurisdiction commits to purchasing a TTM system. In fact, the system can be implemented on the pre-existing FSP database which includes 20 detector stations, over a 11.5 km (7.2 mi) length in two directions for 50 days, with comprehensive incident data and approximately 10,000 link travel time measurements from probe vehicles [21] .
Although this section presents competing technologies for measuring travel time, it is not intended to give the reader the impression that any one of the technologies is better than the others under all conditions. In fact, a hybrid between two or more systems will likely yield better performance than any one of the systems operating independently.
The remainder of this paper will outline the results of a pilot study to develop an automated VRI/ TTM algorithm. First the basic theory and the data set are presented. Then, two VRI algorithms are explained via example. The first algorithm attempts to reidentify all of the vehicles, while the second algorithm only attempts to reidentify long vehicles and is applicable even when there are significant lane changes between detector stations. The paper closes with a brief discussion on field implementation.
VEHICLE REIDENTIFICATION USING SIMPLE SIGNATURES
This section illustrates the principles of extracting identifiable features at widely spaced detector stations. Because travel time is simply the difference between arrival times at two locations, the emphasis is on VRI rather than the final step of TTM.
The study uses 60 Hz event data from two paired loop detector speed traps in the same lane, 1.55 km (5100 ft) apart, as shown in Figure 1 . Two hours of data from March 10, 1993 [21] are used to illustrate the VRI process. Throughout this paper, time is expressed in seconds with zero corresponding to 7:44 AM.
At each of the speed traps, upstream and downstream loop pulses were matched using an automated procedure [22] and any unmatched pulses were discarded (less than 0.5 percent of all pulses).
Vehicle lengths were calculated from the matched pulses using the individual vehicle occupancy and travel times over the speed trap. Thus, the system measures effective vehicle length rather than the physical vehicle length and the implications for field implementation are addressed at the end of the paper.
Within each speed trap, the two loop detectors are 6.1 m (20 ft) apart and sample at 60 Hz. As a result, the vehicle length resolution ranges from 15 cm at 32 km/h to 60 cm at 125 km/h (0.5 ft at 20 mph to 2 ft at 80 mph). In addition to the resolution constraint, measurements are subject to external noise. The VRI algorithm finds all possible matches for a given vehicle and then searches for sequences of vehicles within the possible matches. The algorithm is fast, because it compares each pair of vehicles once and only once. Sequence matching makes the VRI algorithm robust to noise and resolution constraints on individual measurements because the sequence information from a platoon contains significantly more information than a single vehicle measurement. In addition, the VRI algorithm exploits the fact that some vehicles are distinct from the general population (e.g., long trucks) and the fact that vehicle length resolution improves as velocity decreases.
Using loop detector speed traps, the communication bandwidth is small compared to other signature based vehicle reidentification methods. The VRI algorithm can also be generalized to the higher resolution, proprietary signature extraction systems.
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A -S t r e e t Indexing vehicles by arrival number rather than time, Figure 3A shows the two vehicle length sequences superimposed on the same plot while Figure The VRI algorithms attempt to automate this procedure. They look for short sequences with strong similarity and thus, the algorithms are tolerant to lane changes between the sequences. Furthermore, the algorithms exploit any distinct vehicles such as the long vehicles in the previous example.
Automated Vehicle Reidentification Using a Fixed Window: 'The Basic VRI Algorithm'
The basic VRI algorithm attempts to match each vehicle's length measurement at the downstream station with its corresponding upstream measurement. The algorithm starts by comparing individual length measurements between the two stations using a resolution test, as described below. If the difference between the upstream and the downstream measurements exceed the measurement resolution then the observations probably did not come from the same vehicle. The pair of vehicles can then be marked as an unlikely match. Otherwise, the pair of measurements can not be eliminated by this test and the pair is marked as a possible match.
The algorithm applies the resolution test to each pair of upstream and downstream measurements from some specified group of vehicles. In this study, the subject group of vehicles was limited to a fixed set of upstream and downstream measurements, e.g., the two sequences shown in Figure 3 should usually be preceded (moving up one row and shifting left one column in the matrix) by an unlikely element. Whereas, if vehicles maintained their order between the two stations and the probability of a false negative is less than 0.5, a true match should usually be preceded by a possible match element.
Relaxing the order constraint somewhat by assuming that vehicles usually maintain their order between stations, the true (but unknown) matches should manifest themselves as sequences (diagonal lines at -45 degrees) of possible matches in the vehicle match matrix. In other words, false positives will typically form short sequences while the true matches will usually form longer sequences in the vehicle match matrix. To exploit this property, the algorithm looks for sequences of potential matches in the vehicle match matrix and tallies how many sequential vehicles matched at both stations. These totals are stored in the sequence matrix; each integer is the cumulative number of potential matches in a sequence up to the given element. Figure 4D -E shows a simple example of the conversion to the sequence matrix. The sequence matrix for the on-going example is shown in Figure 6 , where elements of length one have been omitted for clarity. to all of the elements in the current sequence and then places the modified-sequence in the lane change matrix, Figure 7F . Figure 8 shows the lane change matrix for the on-going example, again, all elements of length one are omitted for clarity.
Finally, the algorithm extracts all sequences from the lane change matrix longer than a prespecified threshold, yielding the threshold matrix. Entire sequences (and modified-sequences) are selected from the lane change matrix, successively from longest to shortest. Once a given match has been identified, the corresponding row and column of the lane change matrix are removed from further considerations. In the on-going example, a threshold level of five matches for a sequence yields the two platoons shown in Figure 9 . Note that both platoons fall on the manually calibrated data and almost half of the vehicles that passed the detector stations were reidentified (i.e., matched).
Travel time for a reidentified vehicle can then be measured by taking the difference in known arrival times at the two stations. To estimate travel time during the short periods with no reidentified vehicles, the reidentification process can be approximated by matching vehicles based on the cumulative number to pass each station after the last matched sequence.
Extending the Method to Low Measurement Resolution: 'The Subsampling VRI Algorithm'
Under free flow conditions, the length measurement resolution degrades causing the number of possible matches to increase in the Basic Algorithm. Furthermore, vehicles may be less likely to maintain their order between detector stations in free flow conditions due to frequent opportunities to overtake one another. Subsampling a distinct segment of the total sample can overcome these problems. The length measurement resolution may be as poor as 60 cm (2 ft) under free flow conditions, making it difficult to differentiate one small vehicle from another using the resolution test. The effective length for long vehicles, on the other hand, can range from 7 m to over 24 m (22 ft to over 80 ft) (upper limit is a semi truck with two trailers). By restricting the Basic Algorithm exclusively to long vehicles, the large range of lengths can offset the degraded measurement resolution. Because the long vehicles make up a small portion of the population, there will frequently be large headways between two successive observations. The large headways reduce the opportunity for overtaking and increase the probability of maintaining the vehicle sequence between detector stations.
Before comparing measurements from two stations, the algorithm "subsamples" all vehicles longer than some pre-specified minimum length at each station and assigns sequential integers according to their arrival. Using the data in Figure 3 and a minimum length of 6.4 m (21 ft), the algorithm subsamples about 20 percent of the vehicles at each station. The Subsampling Algorithm applies the Basic Algorithm only to the subsamples, and follows the same steps to reidentify vehicles. First, the algorithm generates a vehicle match matrix ( Figure 10A ), second, it identifies sequences of potential matches ( Figure 10B ), third, it allows for lane change maneuvers ( Figure 10C ), fourth, it keeps only those sequences over a given threshold ( Figure 10D) . Finally, the matches from Figure 10D are transposed back to the original sample as shown in Figure 11 . Note that the Subsampling Algorithm has correctly reidentified two vehicles, downstream #15 and #46, that were not matched using the Basic Algorithm in Figure 9 . stations is around 60 km/h (40 mph). The increasing travel times for the last two vehicles reflect the fact that the shock wave continues to propagate upstream (Although it is not shown in this figure, the shock wave eventually reaches the upstream detector station at t = 500 seconds).
FIELD IMPLEMENTATION
The VRI/TTM system presented in this paper is still in the development stages. All of the It is important to note, however, that the detectors must be distributed wisely. There will be short blind spots where the VRI system will not work (e.g., over a major diverge or a heavy weaving section). Intelligent detector placement will avoid these blind spots and could even allow for delay detection inside the blind spots [23] .
CLOSING
This paper has presented a new methodology for VRI and TTM using a very simple signature: vehicle length. The illustration has shown that it is possible to reidentify vehicles between two speed traps, 1.6 km (1 mi) apart, using nothing more than measured vehicle lengths and temporal order. Unlike existing TTM systems that require new hardware to reidentify vehicles or simply estimate travel time from aggregate parameters, the new VRI/TTM system uses off-the-shelf 170-controllers and yields a vehicle level reidentification.
Although the accuracy of VRI based on speed trap length measurements can already be surpassed by emerging signature extraction technologies, the lower percentage of reidentified vehicles may be sufficient for many applications. Furthermore, the new system has one distinct advantage: it can be implemented using the existing detector infrastructure and controller hardware. Thus, it is possible to investigate applications of travel time data and quantify the benefits, off-line, without field deployment or making a major financial/institutional commitment to a particular technology.
If an application proves cost effective, the speed trap based system could be implemented in the field or the reidentification algorithms could be generalized to another signature based detector system.
